Forecasting welfare caseloads has grown in importance in Japan because of their recent rapid increase. Given that the forecasting literature on welfare caseloads only focuses on US cases and utilizes limited classes of forecasting models, this study employs multiple alternative methods in order to forecast Japanese welfare caseloads and compare forecasting performances. In pseudo real-time forecasting, VAR and forecast combinations tend to outperform the other methods investigated. In real-time forecasting, however, a simple version of forecast combinations seems to perform better than the remaining models, predicting that welfare caseloads in Japan will surpass 1.7 million by the beginning of 2016, an approximately 20% increase in five years from the beginning of 2011.
Introduction
The volume of Public Assistance (PA) caseloads has been increasing since the early 1990s in Japan. 1 With its acceleration after 2008, caseload growth has been more rapid than ever, as shown in Figure 1 . Indeed, the number of PA-receiving households has almost doubled in the 12 years since 2001, increasing from 767,000 to 1,528,000.
This rapid growth highlights potential problems that make forecasting PA caseloads more important than before. For example, given the typical sluggish adjustments of personnel in the government sector, caseload growth builds up caseworkers' workloads, exacerbating the logistical difficulties in delivering assistance to the poor. Accurate forecasts of welfare caseloads could thus help the public sector manage its personnel in order for it to meet future PA needs. In addition, growing caseloads may also cause appropriation problems among central and local governments. 2 The proportion of PA expenditure in local budgets reached as high as 20% in some municipalities, which also expands central budgets since the central government shares a fixed proportion (75%) of PA benefits, thereby complicating the issue of inter-governmental cost sharing for PA programs. Hence, accurate forecasts of PA caseloads would also help design better central-local fiscal relations for administering PA programs.
Figure 1
The empirical literature on welfare caseloads has two strands. The first group of studies has explored the determinants of welfare caseloads. While the majority of them focus on US cases, analogous studies exist for Canada [40, 62] , Sweden [30, 63] , Spain 1 PA here refers to the comprehensive social assistance scheme in Japan that aims to guarantee that all citizens maintain their basic costs of living by providing benefits to those considered to be unable to earn incomes above the basic costs of living. 2 The Japanese local government consists of two levels, with municipalities (cities, towns, and villages) as the first tier and prefectures as the second. Cities implement PA programs through their welfare offices. Towns and villages are not required to do so, but some of them do so with their own welfare offices. Prefectural welfare offices cover residents in towns and villages that do not implement PA programs. [5] , and Japan [67] . While most studies examine the effect of unemployment, some explore such economic factors as the industry composition [33, 43] and urbanization [16, 43, 57] of local economies. Furthermore, the impact of personal income is examined by analyzing poverty rates [16, 56, 57, 66] or income quintiles [10, 35, 40] in addition to the traditional measure of per capita income. Other measures are population proportions of demographic characteristics, such as educational background [10, 12, 34, 35] , gender [33, 43] , single motherhood [5, 10, 48, 52, 57, 66] , age [10, 24, 52] , and race [10, 12, 33, 35, 36, 46, 47, 52, 57] . Some researchers have also examined the political orientation of public sector [10, 16, 35, 36, 52, 62] . Finally, some works focus on the impacts of policy variables such as benefits levels [10, 11, 15, 3436, 40, 4649, 52, 56, 62, 64, 66, 71] , minimum wages [15, 36, 43, 52, 62] , other assistance programs [5, 10, 15, 24, 30, 34, 35, 36, 46, 48, 52, 63] , and institutional changes. 3 However, these "determinant" studies do not help much forecast caseloads, since the forecasts require the future values of such determinants. 4 In other words, to obtain forecasts from the determinant studies, one needs to either forecast the values of the determinants themselves or make a priori scenarios that predetermine the specific sequences of their future values. Doing so may be sensible for certain variables such as an intercept and a linear trend, but more difficult than forecasting the dependent variable (welfare caseloads) itself [53] or simply not justified [23] . 3 US studies have examined the effects of changes in the Aid to Families with Dependent Children (AFDC) made by the Omnibus Budget Reconciliation Act [55] , Deficit Reduction Act [55] , Job Opportunities and Basic Skills Training Programs [43, 46, 47, 48] , mandated AFDC-UP [10, 52] , and "waivers" from AFDC programs [8, 10, 15, 24, 37, 46, 52, 56, 57, 71] . More recent US studies have considered the effect of the replacement of AFDC with the Temporary Assistance for Needy Families [8, 34, 35, 43] . Some researchers have further allowed for the effects of the sub-elements (work requirements, time limits, incentives, diversion) of these welfare reforms [8, 12, 15, 36, 49, 71] . 4 Some works have utilized dynamic models that have included the lagged values of the dependent variable in addition to these measures [5, 33, 39, 40, 43, 44, 71] . However, forecasting still requires the future values of unlagged measures [14, 51, 54] .
The second strand of the literature therefore aims to overcome these difficulties by estimating self-contained time series models. Some such studies are explicit in expressing the prospects of utilizing their analyses for budgeting and operation in practice [28, 29, 42] . However, two gaps must be bridged. First, previous studies have only focused on US cases. Since forecasting welfare caseloads is integral to administering social policy in all countries, analogous analysis for different countries would contribute not only to policy practice in that country but also to our general understanding of welfare policy. Second, previous authors have not exploited forecasting models that go beyond the autoregressive integrated moving average (ARIMA) [3, 13, 42] or vector autoregression (VAR) models [4, 42, 58, 61] . It would thus be interesting to explore alternative forecasting methods that analogous studies in other areas have utilized extensively [9, 20, 21, 50] .
This study contributes to the literature and policy practices in this regard by applying several forecasting models to PA caseloads in Japan. The caseload data investigated herein have a monthly frequency and span from 2001 M01 to 2011 M02.
The forecasting models used include ARIMA, exponential smoothing (ES), Markov forecasting (MF), two logistic smooth threshold autoregression (LSTAR) models, VAR, and variations of forecast combinations (FCs). In pseudo real-time forecasting, VAR and FC tend to outperform the other methods. In real-time forecasting, by contrast, a simple version of FC seems to perform the best among the alternative models, predicting that Japanese welfare caseloads will surpass 1.7 million by the beginning of 2016, an approximately 20% increase in five years from the beginning of 2011.
The remainder of the paper is organized as follows. Section 2 introduces the forecasting methods employed in this study. Section 3 evaluates these methods. Section 4 conducts a real-time forecasting exercise for the period beyond 2011 M02. Finally, Section 5 concludes.
Forecasting Models
The monthly averages of PA caseloads C t are forecasted herein. 5 The 
Autoregressive Integrated Moving Average
Autoregressive integrated moving average (ARIMA) is one of the most popular forecasting methods. ARIMA models can mimic the behavior of diverse types of series and do so adequately without usually requiring a number of parameter estimates in the final choice of the model [17] . Furthermore, they typically serve as a benchmark to evaluate other forecasting models. Indeed, many forecasters have applied ARIMA models to a number of time series in a variety of areas. Therefore, it is natural to start our discussion by applying ARIMA and the Box-Jenkins methodology to the analysis of PA caseloads here. 6 The ARIMA analysis here examines the natural logarithm of monthly series of PA caseloads: c t  lnC t . Since the series is potentially seasonal, it may be characterized as 12 where p, d, and q respectively indicate AR lags, the degree of integration, and MA lags, and p s , d s , and q s respectively refer to seasonal AR lags, the 5 While MF directly forecasts C t , the other methods forecast the natural logarithm of C t , c t  lnC t , and then retrieve C t as C t = exp(c t ) when evaluating the forecast methods. 6 In fact, several studies have modeled the sequence of welfare caseloads as an ARIMA process, although only one has used it for forecasting [42] . Others have used it to conduct intervention analyses [3, 13, 38] . 
The correlogram of the residuals shows little sign of autocorrelation in Figure 3 .
Figures 2 and 3

Exponential Smoothing
Exponential smoothing (ES) focuses on the trend and seasonality of a time series.
The literature identifies 15 ES models, which are derived as combinations of the five types of trend (none, additive, damped additive, multiplicative, damped multiplicative) and three types of seasonality (none, additive, multiplicative) [52] . Table 1 lists the basic specifications, excluding the other six models with damped elements. Among them, the popular specifications are simple ES (no trend, no seasonality), Holt's linear method (additive trend, no seasonality), Holt-Winters' additive method (additive trend, additive seasonality), and Holt-Winters' multiplicative method (additive trend, multiplicative seasonality) [17] .
Table 1
The three main advantages of utilizing ES techniques are as follows [25, 26] . First, an ES model is easy to interpret, as it generates forecasts as a linear combination of the relevant components (see the models in Table 1 ). Second, if properly chosen, ES models perform rather well despite their simplicity, since the two main elements (i.e., trend and seasonality) tend to dominate the variance of the series. Third, data requirements and computational effort are not demanding. Despite these benefits, however, other methods are likely to outperform ES if the available data are rich enough to support the use of more elaborate models [17, 25, 26] .
Since ES forecasts are linear combinations of the relevant components, the first task is to estimate those weights for a given specification among the nine models in Table 1 . This exercise estimates the weight parameters by minimizing the sum of the squared errors. The second task is to select a specification among the nine models. The exercise here selects the model that minimizes the value of BIC. The selected model is the following linear-trend model without seasonality:
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where S t is the smoothed level of c t ; T t is the trend rate; and u t = c t  c t1 is the one-step ahead forecast error.
Logistic Smooth Threshold Autoregression
Threshold autoregression (TAR) allows for the existence of multiple regimes by nesting different linear autoregressive processes in a single time series. For example, a two-regime TAR picks up as the data-generating process (DGP) one such regime after a trigger variable s t hits a threshold level  [41] . Typically, but not necessarily, a TAR model uses the lag of the series it explains as the trigger (s t = c td ), meaning that the model becomes self-contained. In addition, TAR may allow for a smooth transition from one regime to another by using a transition function G(c td )[0, 1]. Such a process is termed smooth TAR (STAR) [68] . Thus, a two-regime STAR model for c t is
If the transition function is logistic
the STAR is called logistic STAR (LSTAR), which is one of the standard specifications of a TAR process. Since two-regime LSTAR processes are well suited to characterizing asymmetric cyclical behavior, studies often use LSTAR models to describe cyclical macroeconomic time series [45, 69] . For example, LSTAR models perform well in forecasting unemployment rates [18, 59, 65] . This fact implies that LSTAR models are better suited to characterizing the trend of welfare caseloads, since the determinant studies mentioned in the Introduction have typically shown welfare caseloads to be highly correlated with unemployment rates.
We considered two two-regime LSTAR models and estimated their parameters by using the non-linear least squares method. Assuming that the LSTAR model has an identical lag between the two regimes, LSTAR1 is identified after the selection procedures based on [68 
where all coefficients are statistically significant. The forecasts in Section 3 use both LSTAR1 and LSTAR2.
Markov Forecasting
Markov forecasting (MF) is designed for forecasting welfare caseloads [28] .
Since the current stock of caseloads equals the previous stock of caseloads plus entries net of exits, caseloads are expressed as the following first-order Markov chain:
(1 )
where C t , E t , X t , and x t  X t /C t1 are the caseloads at the end of period, entries, exits, and exit rate, respectively. At the steady state (x t = x, and E t = E), C t converges to
Thus, if the values of E t and x t were held constant at t, caseloads would converge to C t * = E t /x t . MF regards this value, termed the implied steady state (ISS), to be a leading indicator that predicts caseload value in L periods ahead by using a linear regression
Since the actual ISS tends to be volatile, the use of a smoothed 09171 .522
where the standard errors are in parentheses.
These forecasts are rescaled values of the smoothed ISS pushed five periods ahead. Figure 4 shows the rescaled smoothed ISS, forecasts (the rescaled smoothed ISS shifted to the right by five periods), and actual caseloads. The in-sample fits are rather poor, because the method chooses the parameters that minimize the MSE of forecasts rather than the sum of squared residuals (SSR) of the in-sample observations. To illustrate this point, Figure 4 uses the parameters that together minimize the SSR 8 and plots the fitted values against the actual observations. While the smoothed ISS here is a good leading indicator in the in-sample periods, the forecasts do not perform well in the out-of-sample periods. This is a typical example of where good in-sample fits do not lead to good out-of-sample forecasts. 9 It argued that MF can detect a turning point in caseload trajectory [28] . However, the PA caseloads studied here do not display any turning points or changes in the pace of increase in the in-sample periods. We thus cannot validate the strength of MF in this exercise.
areas. By contrast, few studies have used VAR analysis to examine welfare caseloads [42, 58, 61] .
The first task in VAR modeling is to select a group of variables in its system. The VAR here concerns three variables: PA caseloads, unemployment rates, and the elderly ratio (the population proportion of those aged 65 years and over). While the choice of unemployment rates is standard [42, 58, 61] , the choice of the elderly ratio may be specific to the Japanese case. Japanese programs also cover the elderly, and caseload growth partly reflects the increasing number of older people who have little or no pension benefits [32] . The model uses the natural logarithms of caseloads and the elderly ratio, and unemployment rates as a percentage.
Although the ARIMA analysis above implied that the series was non-stationary, caseload series are not differenced. In ARIMA modeling, it is necessary to make a series stationary since the Box-Jenkins method only relates to stationary processes. In addition, when estimating ARIMA processes, algorithms are likely to fail if series are integrated. These do not apply to VAR models. Furthermore, even if time series are nonstationary and/or integrated, the OLS estimators of VAR coefficients are consistent [31] .
The second task is to select the lag p of VAR(p). The estimation starts from p = 1 to 13 in order to find p = 6 that minimizes the MSE in the out-of sample. Table 2 lists the estimation results for VAR (6) . The last three lines of the table consist of the P values for the Granger tests, based on the lag-augmented VAR (LA-VAR) [70] . The tests use LA-VAR(8), allowing for possible integrated or co-integrated variables up to the second order. The results imply that the elderly ratio and PA caseloads do not Granger-cause unemployment rates and the elderly ratio, respectively. However, the exercise below does not exclude them, as doing so weakens the fits of the forecasts. Thus, when multiple forecasts exist, it may be sensible to combine them in order to diversify forecasting errors.
An issue with FC is how to weight the multiple forecasts. This study first uses a simple average or equal weights (FC1), which often outperform other weights that are deliberately designed [22] . In addition, one may improve forecast performance by trimming a group of models by dropping the least performing ones [2] . The current case, where there are six sets of forecasts, excludes the model that performs worst in order to obtain simple-averaged forecasts based on the trimmed group (FC2).
Performance Comparison
Pseudo real-time forecasting
The exercise presented in this section uses data on PA caseloads from 2001 M01
to 2011 M02 (T = 122), which are divided into an in-sample period for initial parameter estimation and model selection and an out-of-sample period for evaluating forecast performance. The out-of-sample period runs from 2010 M03 to 2011 M02 (P = 12). For each of the out-of-sample observations, pseudo real-time forecasting is performed to make forecasts f t as if they were actually made in real time.
Three schemes are employed for updating forecasts, which are widely used in simulating real-time forecasts [22] . 10 The first scheme is iterated multi-period forecasting. It recursively generates forecasts (f N + 1|N , . . . , f T|N ) for all the P periods from a fixed origin (2010 M02). This uses only the fixed in-sample (N = 110
observations from 2001 M01 to 2010 M02). The second scheme makes one-period ahead forecasts f t+1|t using the in-samples with an expanding data window. It makes forecasts for t + 1  N exploiting all the data available up to t and repeats the process P times to generate a series of P one-period ahead forecasts (f N+1|N , f N+2|N+1 , . . . , f T|N+P1 ).
Its in-sample thus expands by one observation when an additional forecast is made. The third scheme again makes one-period ahead forecasts (f N+1|N , f N+2|N+1 , . . . , f T|N+P1 ), but does so using the in-samples with a rolling data window of fixed size N. This is similar to the second scheme of expanding windows except that it drops the earliest observation for an additional forecast.
There are eight estimated models to forecast PA caseloads. Each model generates three types of forecasts for out-of-sample periods and compares them to the actual observations of PA caseloads in those periods. To evaluate the performance of each method, three measures are used, namely the mean absolute error (MAE = |C t  f t |/P), root mean square error (RMSE = [(C t  f t ) 2 /P] 1/2 ), and mean error (ME = (C t  f t )/P), 11 which are all calculated using caseloads in level. In addition, the DieboldMariano (DM) test [19] is performed to compare more formally a pair of forecasts from different models. The DM test here only utilizes the test statistics based on the RMSE from the forecasts generated by the first scheme (iterated multi-period forecasting). This scheme is used, since we are interested in conducting real-time forecasting for PA caseloads in multiple periods beyond 2011 M02, where we can only conduct iterated multi-period forecasting based on the currently available (fixed) data. Table 3 lists the MAE, RMSE, and ME. First, for iterated multi-period forecasts, ES performs the worst, followed by MF. The best model is either FC2 with MAE or VAR with both RMSE and ME. LSTAR1 fares relatively well, being either the second or third best. However, FC1 shows mediocre performance, possibly because there are only six forecasts. Second, the expanding window evaluation changes the ranking.
Results
ARIMA now performs the worst in terms of all three measures, while MF remains the second worst as before. VAR and FC2 continue to perform well. Third, the rolling fixed window evaluation provides another different picture. ARIMA is the best in terms of RMSE and ME and the second best in terms of MAE. In addition, possibly reflecting the performance of ARIMA, FC1 ranks first, second, and third in terms of MAE, ME, and RMSE, respectively. However, VAR still fares relatively well, being the second best according to RMSE and third best with MAE and ME. Overall, these results indicate that VAR and one of the FCs perform consistently well. The good performance of VAR is consistent with the previous result [42] . The results for FC also parallel the previous 11 The ME may be less popular for this type of evaluation. However, since public sectors usually plan budgets on an annual basis, month-to-month errors may not be a serious problem as long as they average to zero over a year (12 months) . The ME indeed captures such averaging.
finding that while FCs not always deliver the best forecasts, they do not generally deliver poor performance [1] . Table 3   Table 4 shows the P values of the DM tests. LSTAR1 and LSTAR2 are not compared since LSTAR1 nests LSTAR2. 12 The far-left column lists the null hypothesis
(model) to be tested and the top row lists the alternative hypothesis (model) to be tested when the associated null hypothesis is rejected. Among the eight forecasts, LSTAR1, VAR, and FC2 are not rejected for any of the alternative models, barring the fact that LSTAR1 is not tested against LSTAR2. Thus, setting aside LSTAR1, VAR and FC2 are among the best models, although their differences are not statistically significant.
13 Table 4 4. Forecasting Welfare Caseloads
Re-estimated Models
This 12 If the DM test relates to a pair of models in which one nests the other, the distribution of the test statistics will be non-standard. 13 Since a study argued that more than 100 forecasts may be necessary to establish significant differences in predictive accuracy across models [6] , the results in Table 4 should be taken with caution as they rely on only 12 forecast values. However, as all the P values for the well-performing models are close to one except when compared among themselves, we may not necessarily have to be too cautious on this point.
First, the Box-Jenkins methodology yielded the following ARIMA specification: 
Second, the ES model now has a linear trend and multiplicative seasonality 
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where I t is the seasonal index and p the seasonal span. Third, the two LSTAR models are estimated as 
Fourth, the MF model is estimated as 5 (.015) (22, 829)3 42, 734 .497
where b x = .17, and b E = .76. Note that MF cannot forecast caseloads in periods more than L-periods ahead (L = 5) in this real-time forecasting, since unlike, the previous pseudo real-time forecasting, the data are unavailable to obtain the regressor (smoothed ISS) beyond 2011 M02. Fifth, the VAR model is still specified as VAR (6) with the different coefficient estimates listed in Table 5 . Table 5 Lastly, since the information from the validation period is now available, the FCs here consider two types in addition to FC1 and FC2. These two additional FCs use different types of weights that require information ex-ante to the forecast origin (2010 M02). First, FC3 utilizes weights based on inverse mean squared errors [7] , which weigh forecasts made by the j-th forecasting model with
where MSE is calculated from the RMSE values listed in the third column in Table 3 .
Second, FC4 uses the weights proposed by [27] . It thus takes advantage of the estimates from the following regression model: residuals for .
The estimated coefficients, in addition to the constant, rescale their corresponding forecasts beyond 2011 M02. As shown in Table 6 , the fit of the regression is very good 
Figure 6
The forecasts made by FC2 seem to be a safe choice in that this model demonstrates the most plausible future path of PA caseloads given the available information that may affect caseloads in the future, including the aging population, continuing stagnant economy, and changing labor market practices in Japan. FC2
caseload forecasts FC consistently increase beyond 2011 M02 with an inflection point around early 2014, reaching more than 1.7 million toward the end of 2015.
In fact, as some time has elapsed since these forecasts were calculated, the additional finalized data on PA caseloads have become available up to 2012 M03. Table   7 shows both the actual and the forecasted PA caseloads along with their monthly differences (in absolute values). While the forecasts underestimate PA caseloads with an increasing order, the percentage errors all remain below 1%. This performance is outstanding despite the increase in PA caseloads brought about by the Great East Japan Earthquake in March 2011. In addition, this finding may constitute another example of an "FC puzzle," where simple combinations of point forecasts repeatedly outperform other sophisticated FCs [60] . Table 7 5. Concluding Remarks 
